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ABSTRACT

Distributed acoustic sensing (DAS) is characterised by high-dimensional, temporal characteristics and high-frequency, 
continuous data, achieved by converting a fibre-optic cable into a nodal array of sensors. However, DAS data are often 
affected by noise issues and missing values caused by sensor failure, hardware failure, or environmental disturbances. 
Many researchers have applied the conventional long short-term memory (LSTM) method due to its ability to process 
long sequences of data; however, it has struggled with complex, high-spatial data, limited interpretation, and the 
inability to quantify uncertainty in predictions. Additionally, LSTMs are vulnerable to noisy inputs, which compromises 
their robustness and trustworthiness in real-time monitoring applications, such as early warning detection systems. 
To address these limitations, this paper examines the application of bidirectional long short-term memory (Bi-LSTM) 
networks with an attention mechanism for seismic event detection using DAS data. Due to the high dimensionality 
and complexity of DAS signals, deep learning models are prone to overfitting, which compromises their performance 
on unseen data. This study proposes an advanced deep learning framework incorporating regularisation techniques, 
including dropout, L2 regularisation, and the early stopping method. Dropout mitigates over-reliance on specific 
features by randomly deactivating neurons during training, while L2 regularisation penalises large weights to promote 
simpler, more generalisable models, and early stopping prevents overfitting by monitoring validation performance. 
Furthermore, Bayesian inference is integrated with Monte Carlo dropout to enable uncertainty estimation, allowing the 
model to provide confidence intervals for detected seismic activity. By combining strong regularisation strategies with 
uncertainty quantification, the proposed Bi-LSTM framework achieves a balance between accuracy and generalisation, 
demonstrating its potential as a reliable tool for real-time seismic event detection using complex DAS data.

Keywords: Deep learning for seismology, non-stationary seismic signal, time-series analysis, earthquake detection, 
supervised learning algorithm

INTRODUCTION

Early warning systems play a vital role in detecting 
real-time seismic events and help to prevent the risk of 
disaster [1]. The use of traditional methods, including 
the empirical method, theoretical method, and manual 
interpretation, is limited to assessing the efficiency and 
robustness of the model [2]. When the model deals with 
large, high-dimensional, complex data generated by 
distributed acoustic sensing (DAS) [3]. DAS follows the 
fiber optics mechanism and Rayleigh scattering when 
light travel inside the glass tube of fiber optics, a small 

part of light are revert and scatter in all direction, the 
sensing mechanism of DAS is that external vibration 
such as seismic event or any machinery sound, traffic, 
vibrioses sound, and footstep are arise, they causes 
small changes in the properties of fiber cable such 
as displacement(movement of object near the fiber), 
refractive index, acoustic pressure (high intensity of 
sound waves), strain (vibration of stretching of cable 
along the fiber), temperature (DAS is responsive to 
change of temperature), distributed temperature 
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sensing (DTS) technology are embedded with DAS to 
monitor the temperature [4]. The small changes in strain 
and temperature properties of DAS can affect the phase 
shift due to vibration, change of phase, and intensity 
due to small temperature changes in the Rayleigh 
light backscattered phenomena. However, DAS data 
have some limitations, including high dimensionality, 
excessive noise, and redundant fields [5]-[6].

The long short-term memory (LSTM) approach, a type of 
recurrent neural network (RNN), is capable of capturing 
long-duration sequential data dependencies. Previous 
studies and researchers, such as [7] and [8], have made 
significant contributions to the development of LSTM 
and CNN for detecting seismic events. However, their 
models struggle with overfitting of data, sensitivity to 
noise, and poor generalisation of the model.

This paper introduces an advanced deep learning 
framework that combines bidirectional long short-term 
memory (Bi-LSTM) networks, attention mechanisms, 
and a denoising autoencoder.

LITERATURE REVIEW

This research presents an advanced machine learning 
framework integrating Bi-LSTM, attention mechanisms, 
denoising autoencoders, dropout, early stopping, 
and weight regularisation (L1/L2). This advanced 
model enhances the performance, interpretability, 
and robustness of the model, making it more efficient 
for detecting seismic events in DAS datasets [9]. 
The increasing accessibility of DAS data presents 
both opportunities and challenges for seismology 
researchers. Traditional seismic detection methods 
and analysis of seismic events struggle to cope with 
the large volume and high complexity of data. A deep 
learning approach proposed an advanced automated 
framework that introduces a feature extraction method 
and interpretable pattern recognition in raw waveform 
data [10]. 

RNNs of the type LSTM develop models to work with 
sequential data, allowing for long-term dependencies [11]. 
The model and idea proposed by [12] have a problem 
with RNNs, specifically that they forget the patterns 
of earlier sequences for long-term dependencies. The 
model struggles to learn long sequences and becomes 
increasingly smaller or vanishes for long sequential 

data. LSTMs address the issue of the vanishing gradient 
problem presented in existing RNNs, ensuring the ability 
to capture long sequential and temporal patterns in 
large, extended sequences of data [13].

DAS has revolutionised the monitoring of seismic 
activity by enabling researchers to collect detailed, 
continuous data over large areas. This provides very 
fine-grained information that is useful for detecting 
leaks of carbon dioxide and monitoring underground 
structures [14]. However, working with DAS data can be 
challenging because it is highly complex, has numerous 
dimensions, and contains significant noise. Traditional 
methods, such as unidirectional LSTM, work well for 
simple sequences but struggle to handle the complex 
time patterns and detailed space-time connections 
found in seismic DAS data [8],[15]. Additionally, 
standard LSTM models are not very transparent about 
their decision-making process, struggle to handle noise, 
and cannot indicate the certainty of their predictions, 
which is crucial for tasks such as monitoring carbon 
storage.

To address these issues, recent studies have shown 
that using Bi-LSTM is beneficial for modelling seismic 
signals, particularly when there are long and complex 
time patterns. Bi-LSTM examines data in both forward 
and backward directions, which enables the model 
to comprehend the full context and more accurately 
represent how seismic waves propagate through 
complex environments [16]. Adding attention 
mechanisms to Bi-LSTM also improves performance 
by allowing the model to focus on the most important 
parts of the data and time points, which helps it 
identify weak seismic signals in noisy data. Li et al. [17] 
found that incorporating attention into Bi-LSTM 
makes the model more comprehensible and improves 
accuracy in tasks such as classifying seismic signals. 
More recently, Zhu et al. [18] developed a multi-scale 
attention-Bi-LSTM framework that extracts different 
levels of temporal features from noisy data, resulting 
in improved performance across various space-time 
domains. These techniques are beneficial for DAS, 
where different frequencies and time ranges can have 
different geological meanings. Hybrid models that 
combine Bi-LSTM with attention mechanisms have 
shown great potential for detecting seismic events [19]. 
Bi-LSTM helps understand the time-based changes in 
signals. This mix is highly effective in handling noisy 
and complex data from the Earth, and it develops a 
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hybrid model that utilises CNNs, Bi-LSTM, and attention 
for real-time seismic detection [20]. This model 
improved both the accuracy and the reliability of the 
detection. These types of models work well with the 
ConvNetQuake dataset, where CNNs can be combined 
with Bi-LSTM’s ability to remember information in both 
directions for better learning over time [21].

One important aspect of utilising machine learning 
for monitoring CO₂ is understanding the uncertainty 
associated with the predictions, particularly when 
these predictions are used to inform decisions 
regarding safety or regulations. In this area, Bayesian 
deep learning approaches, such as MC dropout, offer 
a practical way to measure uncertainty in deep neural 
networks [13]. Nicolis et al. [22] introduced MC dropout 
as a method for estimating uncertainty without altering 
the model’s training process. Lomax et al. [23] later 
demonstrated that this technique can distinguish 
between two types of uncertainty, those arising from 
the model’s knowledge and those inherent to the data. 
Recent work, such as the study by Vaswani et al. [15], 
has highlighted the growing need for models that 
can understand and handle uncertainty when 
monitoring the Earth’s subsurface using fibre-optic 
sensors. Effective pre-processing is also essential when 
dealing with raw DAS data, as it is often corrupted by 
environmental and system-induced noise [24]. Signal 
denoising techniques such as the Butterworth filter, 
wavelet transform, and standard scaling have been 
widely adopted to enhance signal quality before 
training ML models [25]. Jennifer [26] demonstrated 
the benefits of wavelet-based filtering in isolating 
meaningful seismic events from noisy DAS data, 
resulting in improved feature extraction and enhanced 
downstream model performance. A standard scaler, 
on the other hand, ensures uniform scaling of input 
features, helping recurrent models, such as Bi-LSTM, 
converge faster and avoid bias due to varying signal 
amplitudes [27]-[28].

In summary, this research proposes an architecture 
comprising a Bi-LSTM with attention and Bayesian 
inference through MC dropout, which addresses 
the core limitations of traditional LSTM models by 
offering bidirectional temporal modelling, adaptive 
attention, and predictive uncertainty estimation, 
all while being enhanced by robust pre-processing 
techniques. This integration of cutting-edge techniques 
aligns with the most recent advancements in seismic 

ML modelling. It contributes meaningfully to the 
ongoing effort of improving reliability, interpretability, 
and trustworthiness in DAS-based CO2 monitoring 
systems.

Bidirectional LSTM Architecture
A bidirectional LSTM is an enhanced version of the 
LSTM that operates on long input sequences in both 
forward and backward directions, utilising two separate 
layers of LSTM. This allows the model to save the 
sequence from the past, which is the left side of the 
architecture and future, which is the right side of the 
architecture, concurrently, particularly useful for the 
task of long sequential labelling, learning of temporal 
patterns, speech recognition, early warning systems 
and natural language processing (NLP) where full cover 
of this network will improve accuracy [29]. The outcome 
is a merge of both forward and backward LSTM outputs 
at each time stamp, leading to high-resolution feature 
extraction [30].

Attention Mechanism
The attention mechanism is a method in deep learning 
networks to work on the important features of the 
input series when producing the output. Despite 
converting the entire input into a fixed-length format, 
similar to traditional LSTMs or RNNs, the attention 
mechanism allows the model to weigh separate 
input elements for every outcome step. It learns what 
to receive depending on the context, enhancing 
performance in tasks such as machine learning, text 
summarisation, and event detection for time-series 
data. This mechanism helps to capture long-term 
dependencies, particularly those involving long or 
complex sequences, and ensures the model is both 
efficient and accurate [31]-[32]. The model enhances 
reliability, and the learned attention weights reveal 
the impact of input elements on a specific prediction. 
When integrated with architectural elements, such 
as Bi-LSTM and attention mechanismsthe model’s 
capability to understand and process sequential data 
was enhanced [33].

Bayesian Inference
The Bayesian approach is a statistical and probabilistic 
method for updating the likelihood of a hypothesis as 
more evidence or data become available. The Bayesian 
inference helps to ensure that predictions come out 
from the LSTM, such as the detection of seismic events 
with a measure of confidence scores that indicate how 
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sure the model is about their predictions, which is 
critical for making knowledgeable and safe decisions in 
crucial systems like early warning earthquake systems 
and CO2 monitoring[34]-[35]—the idea of Bayes’ 
Theorem. It combines prior belief (prior probability) 
before observing the data with new data (likelihood) 
to provide feedback on how likely the data is to be seen 
by the model. It modifies the belief after observing the 
data (posterior update) [36].

METHODS

Figure 1 illustrates a conceptual block that represents 
a significant component of the proposed system. It is 
applied to graphically present the methodology and 

emphasise the framework structure without presenting 
low-level details. The use of this kind of representation 
facilitates a clear flow of the system when making 
presentations and evaluations.

Dataset Preparation
The dataset related to code and problem will be compiled 
from publicly accessible websites, including GitHub 
repositories, the Incorporated Research Institutions for 
Seismology (IRIS) for seismic data, the United States 
Geological Survey (USGS) for earthquake events, Kaggle, 
and the Stanford Earthquake Dataset (STEAD). Data pre-
processing will be performed to remove missing values 
and noisy data by applying filters such as a bandpass 
filter and an autoencoder, and by windowing the data 

Figure 1 Research methodology of the proposed model
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into small chunks for sequence learning. SMOTE is 
used to balance the data and avoid the problems of 
underfitting and convergence. Splitting the dataset into 
train and test sets for further inspection.

Model Selection
In this research, the proposed architectures integrate 
the Bi-LSTM for finding forward and backward 
dependencies in long sequential seismic data, along 
with an attention mechanism that focuses on the 
most important and relevant features in the output 
by assigning weights separately. The integration of 
Bayesian inference and Monte Carlo dropout (MC 
dropout) ensures uncertainty prediction in the output, 
reducing the overfitting issue commonly present in 
conventional LSTM models, and enables stochastic 
prediction under data uncertainty. This proposed 
architecture enables the model to develop more robust, 
trustworthy, and interpretable features.

The proposed architectural design is implemented 

using a library of Python, such as PyTorch and 
TensorFlow. MC dropout is imposed in both training 
and testing phases to produce a distribution of 
predictions. Bayesian inference is concatenated with 
multiple MC dropout to compute the mean (final 
output) and variance (confidence score).

Model Evaluation
The model will be evaluated using benchmark 
datasets such as STEAD. The efficiency of the proposed 
framework will be evaluated based on the following 
performance key metrics, including:

1.	 F1 score
2.	 Precision
3.	 Recall
4.	 Predictive uncertainty, such as the mean and 

covariance
5.	 Root Mean Square Error (RMSE)
6.	 Event Detection Latency
7.	 Area Under Curve (AUC)
8.	 Mean Absolute Error (MAE)
9.	 Probability Coverage

Compare with the Baseline Model
The performance of the Bi-LSTM will be compared 
with that of the baseline model’s conventional 
LSTM, including unidirectional and GRU models. This 
comparison highlights differences in performance 
across the defined metrics. The final test is cross-
validation against different time windows and 
seismic events. Analysing attention weight and 
interval of prediction to validate trustworthiness 
and interpretability of the model. This proposed 
methodology not only enhances the model’s efficacy 
but also ensures reliability and transparency, meeting 
the requirements of a practical system in real-world 
seismic events.

RESULTS AND DISCUSSIONS

In Figure 2, the seismic data contains a 3-channel 
seismic waveform for noise and events. The dataset 
is uploaded in Python using the HDF5 format. There 
are 1,198 validated noise samples and 1,773 validated 
events, with each sample having a shape of 1,001 
timesteps and three channels (Z, N, and E) (MN-AQU-BH). 
MN is for the Network code, AQU is for the station name, 
and Broadband high-gain channel. Channel 1 tells one 
of three components recorded, such as vertical, north-

Input: Raw DAS/Seismic signals I

Output: Event label (ŷ) and attention based explanation A’

I ← Filter → WaveletDenoise → Normalize

Z ← Windowize(I)

P ← BiLSTM → BiLSTM

A’ ← Attention(P)

W ← AttentionWeightedSum(P, A’)

if MC_dropout: W ← MC_Drop(W)

ŷ ← Softmax(W)

Train(ŷ, y)

Inference

(ŷ,A’) ←model.predicted(x)

If MC_Dropout enabled then

Compute predictive mean (μ) and uncertainity (σ)

Return predictions + attention + uncertainty

Pseudocode (Short version)



PLATFORM - a journal of Science & Technology

PLATFORM  VOLUME 8 NUMBER 2 2025 e-ISSN: 2637053046

south, or east-west. The data are labelled as 0 for noise 
and 1 for the event. The data pre-processing steps 
involve applying the bandpass filter to remove the 
noise from the dataset. The range of the bandpass filter 
is between 1 and 50 50Hz. Another wavelet denoising 
filter is applied (Daubechies wavelet, level 3), and 
normalisation techniques are applied to remove noise 
and data redundancy. In this way, the spatial-temporal 
property in the DAS dataset can be achieved.

Table 1 highlights the main properties of the seismic 
dataset based on DAS in the current study. The data is 
obtained from the ConvQuakeNet/INGV recordings and 
sampled at a rate of 100 Hz. The waveforms are divided 
into short time windows, which are 2-4 seconds in 
length, to capture both the onset and signal evolution. 
The data are considered as one vertical component and 
divided into three classes according to their magnitude, 

namely low, medium, and high seismic events. Overall, 
the dataset has over 20,000 segments of waveforms. The 
recordings contain a significant amount of background, 
environmental, microseismic, and instrument noise, 
which accurately represent the true field conditions. All 
data are presented in HDF5 format to provide effective 
storage and high-throughput loading of data in model 
training and evaluation.

In Figure 3, the original signal contains a significant 
amount of noise, obscuring the data information. The 
original data SNR is 0.44, which shows a noisy signal. The 
denoising signal improves the SNR from 0.44 to 0.82, 
resulting in a cleaner signal with reduced noise by 
using the filter. This enhancement ensures the model’s 
reliability and that the signal contains important 
seismic features by removing artefacts.

In Figure 4, the noise waveform exhibits smoother 
up-and-down movements with smaller changes in 
height, indicating normal ground shaking or small 
sensor fluctuations that were not due to real events. 
The event waveform has more jagged, sharp, and taller 
peaks, especially between time steps 500 and 800. This 
indicates strong ground shaking, such as tremors or 
the formation of underground cracks. The difference 
between the two types of waveforms helps distinguish 
between them. Events and noise look different over 
time and in height, and models like LSTM can learn to 
recognise these differences.

In Figure 5, the signal from multiple channels exhibits 
significant high-pitched noise and uneven volume 

Figure 2 Pre-processing data
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levels between channels, with some sharp spikes, 
such as Channel 1 exceeding 6e-7. Each channel has 
its own unique pattern, suggesting that the noise or 
signal may be coming from different directions or 
being affected by the specific sensors used—this is a 
phenomenon often observed in systems such as DAS or 
3-component seismic arrays. These differences indicate 
that using a model that considers all channels together 
or combining data from all channels before planning 
is crucial, ensuring that the full picture of the spatial 
information is taken into account. 

 
The accuracy of the Figure 6 model improves as 
training progresses, with scores exceeding 0.80, and 
the loss continues to decrease, indicating that the 
model is learning effectively. However, the accuracy 
on the validation data starts very low, at around 0.18, 

but it improves significantly in later rounds of training, 
reaching a maximum of 0.95. This means the model 
can perform well on new, unseen data after sufficient 
training. The validation loss also drops significantly, 
from approximately 9.93 to 0.12, indicating that 
the model is settling into a good pattern and not 
overfitting the training data too much. Initially, there 
are significant fluctuations in the model’s performance 
between training and validation data, but later on, 
it becomes more stable and performs exceptionally 
well. This indicates that the model required additional 
training time to become reliable and that techniques 
such as dropout or Bayesian methods helped mitigate 
overfitting during training.

In Figure 7, the training and validation accuracy remain 
relatively stable, fluctuating between approximately 0.5 
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and 0.7. This suggests that the model is learning from 
the data but not memorising it excessively, indicating 
that it is not overfitting.

The training loss continues to decrease over time, 
indicating that the model is improving by making 
fewer mistakes on the training data. The validation 
loss fluctuates slightly, but overall, it is decreasing—
although there are some random fluctuations. This 
means the model is somewhat good at applying what 
it learned to new data. Initially, before the model has 
undergone significant training, the validation loss is 
quite high.

This might be because the data is complex or the model’s 
settings are not yet optimised. Using techniques like 
dropout and L2 regularisation probably helped prevent 
the model from learning too much from the training 
data. This is clear because the training and validation 
results stay fairly close to each other.

Figure 8 shows examples of seismic waves from 
different groups: Noise and Magnitude 6. The wave for 
Magnitude 4–6 exhibits the most significant changes 
and is more complex, resulting in more intense shaking. 
The noise and lower-magnitude waves are smoother 
and do not change significantly. This difference helps 

Figure 5 Denoising seismic signal for channels Z, N, and E
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the model distinguish between different events by 
examining how the waves appear.

Figure 9 illustrates the classifier’s ability to distinguish 
between different types of seismic events. The model 
performs exceptionally well in identifying noise, 
achieving an AUC of 0.99, which indicates that it is 

nearly perfect at distinguishing noise from other 
events. For the other classes, the performance is not 
as good: Mag 4–6 has an AUC of 0.79, and Mag >6 has 
an AUC of 0.72.

Figure 10 illustrates the model’s training progress across 
several rounds. The accuracy increases from around 

Figure 7 LSTM training curve
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0.61 to 0.70, and the AUC rises from about 0.64 to 0.77, 
indicating that the model becomes more confident in 
its classifications as it learns. Both precision and recall 
also improve, with recall reaching nearly 0.99 during 
validation, indicating that the model is very effective at 
detecting seismic events. However, the lower precision 
and validation accuracy of approximately 0.61 suggest 
that there are some false positives, which may be due 
to the classes being similar or the model not having 
fully separated the features it learns. 

Figure 11 illustrates the model’s learning progress 
during training and its performance on new data, 
referred to as validation, over five training rounds. 
The model’s accuracy on the training data increases 
slowly and reaches more than 70% by the fourth 
round, indicating that it was picking up patterns 
from the training examples. However, the accuracy 
on the validation data remains about the same, and 
is significantly lower, around 61 to 62%, throughout 
the entire process. This significant difference between 

training and validation accuracy is a sign of overfitting. 
The model demonstrated strong performance on 
the training data; however, its performance on new, 
unseen data was comparatively weaker. This occurred 
because the model was overly complex, the amount of 
training data was insufficient, or inadequate measures 
were taken to prevent the model from memorising the 
training samples rather than learning generalisable 
patterns. To address this issue, methods such as 
dropout, early stopping when overfitting occurred, or 
collecting additional training data were employed.

Figure 12 illustrates the receiver operating characteristic 
(ROC) curve, which helps assess the performance of a 
binary classifier across various decision thresholds. This 
curve compares the true positive rate, or sensitivity, 
with the false positive rate. When the curve is close to 
the top-left corner, it means the classifier is performing 
well. The area under the curve (AUC) is 0.82, indicating 
that the model exhibits strong overall performance. 
AUC values higher than 0.80 typically indicate that the 

Figure 10 Bi-LSTM training
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model can effectively separate between two classes—in 
this case, seismic and non-seismic events. Although the 
previous figure showed a weak validation accuracy, the 
high AUC score suggests that the model still has useful 
predictive power across different thresholds and is not 
merely guessing or making biased predictions.

Figure 13 probably shows a confusion matrix. This 
type of matrix illustrates the modelis performance 

by breaking down its predictions into true positives, 
false positives, true negatives, and false negatives. If 
this is the case, the matrix gives detailed information 
about which classes the model is having trouble 
with. For example, if there are a lot of false positives, 
it may indicate that the model is overly sensitive to 
detecting something happening. On the other hand, 
many false negatives could indicate that the model is 
not accurately detecting real events. Examining this 

Figure 11 Bi-LSTM training

Figure 12 Bi-LSTM ROC curve
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matrix enables making targeted improvements, such 
as adjusting the way thresholds are set for classes, 
selecting more effective features, or balancing the data 
used to train the model. This is especially important in 
areas such as seismic detection, where missing an event 
can have significant consequences.

The console log in Figure 14 illustrates the steps 
involved in preparing seismic data and training a 
model. First, it loads a dataset containing 2,971 seismic 
samples, of which 1,773 are marked as event samples. 
The data is not evenly split between events and non-
events, with 1,198 non-events and 1,773 events. The 
log then displays some basic statistics for the event 
magnitudes, including an average of approximately 
5.04 and a standard deviation of 1.12. The magnitudes 
range from 3.0 to 9.1, indicating that the data 
encompasses both small and large earthquakes. The 
data pre-processing finishes completely in 13 minutes. 
The data is split into training, validation, and test sets 
in a way that maintains balanced event magnitudes 

across all groups. This enables the model to perform 
well across various earthquake sizes. Lastly, the BiLSTM 
model starts training. This type of model works well 
with data that has a time-based sequence, like seismic 
recordings.

Table 2 provides a comparative overview of the training 
and architectural parameters applied to the base 
LSTM model and the proposed improved structure. 
Although the base model uses variable sequence 
lengths to choose a sequence length in the range of 
200-400 time steps, the proposed model employs a fixed 
sequence length of 350 to achieve a stable temporal 
representation. The proposed model increases the batch 
size to 32, as opposed to 16, to enhance the efficiency 
of gradient estimation during training. To achieve 
better convergence and regularisation compared to the 
standard learning rate of 0.001, a lower learning rate of 
0.0005 is applied with the AdamW optimiser. To better 
generalise and model uncertainty, the proposed method 
employs a higher dropout rate of 0.3. It activates Monte 

Figure 13 Bi-LSTM performance matrix
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Carlo dropout, compared to the baseline model, which 
uses a common dropout rate of 0.2 and does not attempt 
to create uncertainty models.

Furthermore, the L2 regularisation with a regularisation 
coefficient of 0.001 is also included in the proposed 
model to further reduce overfitting, although it is not 
present in the base setup. The two models are run for 
100 epochs to facilitate a fair comparison. Moreover, 
the suggested model combines a scaled dot-product 
attention mechanism to enhance the weighting of 
temporal features, unlike the basic LSTM, which lacks 
attention. Lastly, in contrast to the other models that 
utilise cross-entropy as the main loss criterion, the 
proposed framework expands cross-entropy with 
an uncertainty-sensitive term to directly reflect the 
confidence of predictions.

Figure 15 illustrates the performance of the BiLSTM 
model during various training rounds, referred to as 
epochs. It includes important metrics such as accuracy, 
AUC, loss, precision, recall, and results from validation 
tests. In the early rounds, specifically epochs 1 to 5, 
the model was not very effective at making accurate 
predictions, as indicated by lower accuracy and higher 
loss. However, as training progresses, the model 
improves. By the 25th epoch, the training accuracy 
reaches 84.08%, the AUC is 0.91, and the loss drops to 
0.779, indicating that the model is learning effectively. 
The validation results, including val_auc, val_loss, and 
val_accuracy, also improve, with val_auc reaching 
0.686849. However, the validation recall remains low 
in most epochs, except for a few, such as epoch 16, 
where it reaches 0.857143. This might be because the 
model struggles to identify all the true positive events, 
possibly due to a lack of examples of those events or 
because the events are difficult to detect. Overall, the 
table indicates that the model is steadily improving 
and has good predictive power, although there was 
some overfitting, particularly since the training AUC 
remains high.

The ROC curve is a visual representation of how well the 
model can classify events. It displays the true positive 
rate (TPR) in comparison to the false positive rate (FPR) 
at various settings. The closer the curve is to the top-left 
corner, the better the model performs. In this case, the 
curve shows strong performance with an AUC of 0.94, 
which is very good. This high AUC indicates that the 
model is effective at distinguishing between actual 

Table 2 Hyperparameters used for LSTM and the 
proposed model

Parameter	 Base Model Value	 Proposed Model Value
	 (LSTM)

Sequence Length	 200-400	 350

Batch Size	 16	 32

Learning Rate	 0.001	 0.0005 (AdamW)

Dropout	 0.2	 0.3 (MC Dropout Enabled)

L2 Regularization	 No	 0.001

Training Epochs	 100	 100

Attention	 No	 Scaled Dot product

Loss Function	 Cross-Entropy	 Cross-Entropy +
		  Uncertainty

Figure 15 Bi-LSTM+ attention mechanism training results from different epochs
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Figure 15 illustrates the performance of the BiLSTM model during various training rounds, referred to 
as epochs. It includes important metrics such as accuracy, AUC (Area Under the Curve), loss, precision, 
recall, and results from validation tests. In the early rounds, specifically epochs 1 to 5, the model was 
not very effective at making accurate predictions, as indicated by lower accuracy and higher loss. 
However, as training progresses, the model improves. By the 25th epoch, the training accuracy reaches 
84.08%, the AUC is 0.91, and the loss drops to 0.779, indicating that the model is learning effectively. 
The validation results, including val_auc, val_loss, and val_accuracy, also improve, with val_auc 
reaching 0.686849. However, the validation recall remains low in most epochs, except for a few, such 
as epoch 16, where it reaches 0.857143. This might be because the model struggles to identify all the 
true positive events, possibly due to a lack of examples of those events or because the events are difficult 
to detect. Overall, the table indicates that the model is steadily improving and has good predictive power, 
although there was some overfitting, particularly since the training AUC remains high. 
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The ROC curve is a visual representation of how well the model can classify events. It displays the true 
positive rate (TPR) in comparison to the false positive rate (FPR) at various settings. The closer the 
curve is to the top-left corner, the better the model performs. In this case, the curve shows strong 
performance with an AUC of 0.94, which is very good. This high AUC indicates that the model is 
effective at distinguishing between actual seismic events and non-events at various thresholds. The steep 
start of the curve means the model can detect many true events without generating too many false alarms, 
which is important for seismic monitoring, where missing real events is unacceptable. 
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seismic events and non-events at various thresholds. 
The steep start of the curve means the model can 
detect many true events without generating too many 
false alarms, which is important for seismic monitoring, 
where missing real events is unacceptable.

The model’s accuracy in Figure 17 continues to improve 
as training progresses, with scores exceeding 0.80, 
and the loss steadily decreases, indicating that the 
model is learning effectively. However, the accuracy 
on the validation data starts very low, at around 0.18, 
but it improves significantly in later rounds of training, 

Figure 17 Different magnitude performance metric
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In Table 3, the LSTM model achieved an accuracy of 66.9% and a precision of 50%. 5%, indicating that 
there was room for improvement in performance. The Bi-LSTM model, after adjustments to the data 
preparation and model parameters, achieved an accuracy of 75.3%, a precision of 80.9%, and an AUC of 
0.8223, representing a significant improvement. The final model employed advanced techniques, 
including BiLSTM, attention mechanism, L2 regularisation, dropout, Monte Carlo dropout, and Bayesian 
inference. It achieved an accuracy of 85.2%, a precision of 94.25%, a recall of 80.08%, and an AUC of 
0.9445, indicating that it is highly reliable and effective in various situations. The proposed model secures 
the highest accuracy as compared to other models. 

Table 3 Comparison with the proposed model against the baseline model 

Model Accuracy Precision  Recall F1 MSE 

LSTM 0.66 0.50 0.66 0.57 0.78 

Bi-LSTM 0.75 0.80 0.76 0.78 0.4 

Bi-LSTM+ Attention Mechanism 0.85 0.94 0.80 0.87 0.5 

Commented [NB7]: I changed to Table 3 

Commented [NB8]: I changed to Table 3 

Figure 16 ROC curve Bi-LSTM + attention mechanism + MC+ Bayesian
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Figure 16 ROC curve Bi-LSTM + attention mechanism + MC+ Bayesian 

The model's accuracy in Figure 17 continues to improve as training progresses, with scores exceeding 
0.80, and the loss steadily decreases, indicating that the model is learning effectively. However, the 
accuracy on the validation data starts very low, at around 0.18, but it improves significantly in later 
rounds of training, reaching a maximum of 0.95. This means the model can perform well on new, unseen 
data after sufficient training. The validation loss also drops significantly, from approximately 9.93 to 
0.12, indicating that the model is settling into a good pattern and not overfitting the training data too 
much. Initially, there are significant fluctuations in the model's performance between training and 
validation data, but later on, it becomes more stable and performs exceptionally well. This indicates that 
the model required additional training time to become reliable and that techniques such as dropout or 
Bayesian methods helped mitigate overfitting during training. 
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reaching a maximum of 0.95. This means the model 
can perform well on new, unseen data after sufficient 
training. The validation loss also drops significantly, 
from approximately 9.93 to 0.12, indicating that 
the model is settling into a good pattern and not 
overfitting the training data too much. Initially, there 
are significant fluctuations in the model’s performance 
between training and validation data, but later on, 
it becomes more stable and performs exceptionally 
well. This indicates that the model required additional 
training time to become reliable and that techniques 
such as dropout or Bayesian methods helped mitigate 
overfitting during training.

In Table 3, the LSTM model achieved an accuracy of 
66.9% and a precision of 50%. 5%, indicating that 
there was room for improvement in performance. 
The Bi-LSTM model, after adjustments to the data 
preparation and model parameters, achieved an 
accuracy of 75.3%, a precision of 80.9%, and an AUC 
of 0.8223, representing a significant improvement. The 
final model employed advanced techniques, including 
BiLSTM, attention mechanism, L2 regularisation, 
dropout, Monte Carlo dropout, and Bayesian inference. 
It achieved an accuracy of 85.2%, a precision of 94.25%, 
a recall of 80.08%, and an AUC of 0.9445, indicating that 
it is highly reliable and effective in various situations. 
The proposed model secures the highest accuracy as 
compared to other models.

The findings indicate that the proposed framework 
consistently outperforms traditional LSTM-based 
models in terms of improved classification accuracy, 
enhanced temporal feature representation, and more 
accurate predictive uncertainty calibration. Attention 
integration also enhances model interpretability by 
highlighting informative segments of waveforms, 
thereby boosting confidence in model decisions in real-
time DAS applications. Despite these developments, 
the analysis is currently restricted to single-mode 
seismic data and offline analysis. Future research will 
expand the framework to include multimodal sensing, 
real-time implementation, and adaptive learning in 
changing seismic conditions. On balance, this piece of 
work contributes a sound, interpretive, and uncertainty-
conscious learning framework for dependable seismic 
intelligence systems. 
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